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Abstract
Cognitive modeling tools, such as KLM, GOMS and CogTool, can be used to predict human performance on interface designs 
before they are implemented and without the need for user testing. The model predictions can inform interface design, because
they allow designers to quantitatively compare multiple interface alternatives. However, little research has been done to 
determine how accurately cognitive modeling tools can predict human performance differences on interface alternatives. It is also 
unclear whether different modeling tools produce practically significantly different results. The goal of this study was to evaluate 
the accuracy of KLM, GOMS and CogTool for predicting human performance differences on multiple interface 
alternatives.Three tasks on three interface alternatives were modeled using KLM, GOMS and CogTool. The model predictions of 
each tool were compared to performance data of 20 expert users performing the tasks on the interfaces. For all tasks and all 
modeling tools, the model-predicted trend did not correspond to the trend in the human performance data.For the six statistically 
significant differences between the interfaces, all tools predicted the direction of difference correctly in four cases, and 
incorrectly in two cases. The average difference between the predicted and the observed magnitude of difference between the 
interfaces was 5.49 s for KLM (range: 0.8 – 13.35), 3.98 s for GOMS (range: 0.8 – 9.75) and 3.49 s for CogTool (range: 0.13 –
10.65). These differences between the tools were not statistically significant.In conclusion,KLM, GOMS and CogTool cannot 
reliably predict human performance differences on multiple interface alternatives. Our results indicate that if the models predict 
faster performance on interface A than on interface B, humans actually perform faster on interface B than on interface A in one 
third of the cases. This raises questions about the validity of these cognitive modeling tools in interface design practice.
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1. Introduction
Cognitive modeling toolscan be used to predict human performance on a user interface. Because these tools do 
not require a working implementation of the interface design or a group of test users, they provide a quick and cheap 
way to evaluate the performance of an interface early in the design process. The model predictions can inform 
interface design, because they allow designers to quantitatively compare multiple interface alternatives.
Several studies have shown that performance predictions generated by cognitive modeling tools correlate 
strongly with actual human performance data (e.g. [1–5]). However, little research has been done to determine how 
accurately cognitive modeling tools can predict human performance differences on multiple interface alternatives. It 
is also unclear whether different modeling tools produce practically significantly different results.
In this study, we aimed to evaluate the accuracy of three cognitive modeling tools – KLM [5], GOMS [6] and 
CogTool [2] – for predicting human performance differences on multiple interface alternatives. The tools were used
to model three tasks on three different interface alternatives. An empirical study was performed to determine human 
performance on these tasks and the models’ task execution time predictions were compared tothe empirical data.
2. Method
2.1. Participants
Twenty undergraduate students participated in this study(mean age = 23.1; range = 21–26). All participants were 
experienced computer users.
2.2. Apparatus
The experiment was performed on a standard Windows pc. Basic Key Logger [7]was used to log the actions 
participants performed on the pc. This information was used to determine task performance.
2.3. Materials
Participants performed three tasks on the websites of three different airports: Brussels Airport [8], Heathrow [9]
and Schiphol [10]. The following tasks were used:
1) Look up the departing flights to Paris. 
2) Book a five-star hotel in the city of the airport from March 3 2014 to March 18 2014.
3) Book a flight to Paris for three adults and one child. Book this flight with KLM and business class seats. The 
departure date is April 1 2014 and the return date is April 15 2014.
Downloaded versions of the websites were used to prevent participants from actually booking anything.
Since online calendars often preselect the current month, the number of user actions required to select the months 
in tasks 2 and 3 could vary depending on the month in which a participant performed the experiment (e.g. selecting 
March could require two clicks in January, but only one click in February). In order to keep this number constant 
between participants who performed the tasks in different months, the specific months in tasks 2 and 3 were 
changed depending on the month in which they were performed (e.g. participant A performed the experiment in 
January 2014, he had to book the hotel in task 2 for March 2014. Participant B performed the experiment in 
February 2014, she had to book the hotel for April 2014).
2.4. Cognitive modeling
The execution of the three tasks on the three different websites was modeled using KLM, GOMS (the CMN-
GOMS version [11]) and CogTool(version 1.2.2). The tasks could be performed in multiple ways, but since we 
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wanted to model expert task performance, we modeled the most efficient way to perform the tasks according to the 
models.Each model yielded a task execution time prediction.
KLM (Keystroke-Level Model)[5] is the simplest of the three modeling tools. It requires the modeler to list the 
operators (i.e. generic actions) needed to perform a task on an interface. Each operator has a fixed duration, which 
models the time an expert user would take to perform it. Task performance is then determined by summing the 
duration of all operators required to perform the task. We used the heuristics of Card et al. [5] to place the mental 
operators. An example KLM model is shown in Table 1.
GOMS (Goals, Operators, Methods and Selection rules)[6] uses the same operators as KLM. The main difference 
is that GOMS uses a hierarchical structure, created by dividing the task into several subgoals. Because we modeled 
the optimal strategy for each task, it was not necessary to implement GOMS’s selection rules. Similar to John and 
Kieras[11], the verify operator was the only mental operator used in the models. This operator was placed at the end 
of each goal. It represents the mental time needed to verify whether a goal has been achieved. It also implicitly 
contains the mental time required to plan the execution of the next goal. 
CogTool[2]requires the modeller to create a storyboard mock-up of the user interface that contains its most 
important interactive elements (e.g. buttons and menus). Each state of the interface is represented as a frame in the 
storyboard. An action performed on an interactive element can result in a transition to a different frame in the 
storyboard. Once the mock-up is created, the modeler indicates which steps a user needs to take to perform a certain 
task on the storyboard. CogTool automatically generates a valid KLM based on these steps. 
When the KLM of the entire task is built, CogTool runs a computational model that estimates the execution time 
of the task. This computational model is based on the ACT-R cognitive architecture[12,13]. ACT-R is a theory of 
human cognition that models cognitive, perceptual and motor processes.
2.5. Design and procedure
Participants performed all three tasks on all three websites. The orderin whichthe tasks and the websiteswere 
presented was randomized across participants. Participants received writtenstep-by-step instructions for the 
execution of each task on each website. These instructions represented the most efficient way to perform each task 
according to the models. Participants were instructed to execute the tasks exactly as they were instructed, to allow 
for optimal comparison between their performance and the model predictions.
Table 1.Example KLM model of task 1 on the Schiphol website.
Description Operator Duration (s)
Mentally prepare (by heuristic rule 0) M 1.35
Move cursor to departure P 1.10
Click mouse button K 0.20
Mentally prepare (by heuristic rule 0) M 1.35
Move cursor to origin P 1.10
Click mouse button K 0.20
Move hands to keyboard H 0.40
Press pkey K 0.20
Press akey K 0.20
Press rkey K 0.20
Press down arrow key K 0.20
Press enter key K 0.20
Press enter key K 0.20
Total time predicted 6.90
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Since the models assume expert task performance, participants were first trained to reach an expert level on the 
tasks. Participants practiced each task until they could execute it without making mistakes and without having to 
check the instructions. Once participantscompleted the training of a task, they performed the task once again while 
their actions were logged. If no mistakes were made during this logged task execution, participants went on to the 
next task, otherwise they performed the task again.
2.6. Data analysis
Participants’ task execution time was determined by summing the durations of all actions that occurred during
task performance (logged by Basic Key Logger). During task 2 on the Heathrow website, a calendar caused the 
website to reload. Reloading took approximately 1.3 s and occurred three times during the task. The execution times
of task 2 on the Heathrow websitewere therefore reduced by 3.9 seconds.
For all tasks, the median human performance (the data were not normally distributed), a 95% CI, and the model 
predictions of all tools were plotted for each website. The websites were ordered according to the median human 
performance. The plots were visually inspected to determine whether the predicted trends of the modeling tools 
corresponded to the trend in the human performance data.
For each task, Wilcoxon signed-rank tests were used to test for statistically significant differences in human 
performance between the websites. For all statistically significant differences, we determined whether each 
modeling tool predicted the direction of difference correctly. 
The magnitude of difference was determined by subtracting the median of the faster website from the median of 
the slower website. The predicted magnitude of difference was determined by subtracting the predictions for the 
faster website from the predictions of the slower website. Note that if the models predicted the direction of 
difference incorrectly, the predicted magnitude of difference would be negative.
The accuracy of the model-predicted magnitude of difference was given by the absolute difference of the model-
predicted and the empirical magnitude of difference. A Friedman test was used to compare the prediction accuracy 
of the modeling tools. 
3. Results
Figure 1 shows the model predictions and actual human performance for the three websites on task 1 (Look up
the departing flights to Paris). For all modeling tools, the model-predicted trend did not correspond to the trend 
found in the human performance data.
Participants were significantly faster on the Schiphol website than on the Heathrow website (W(20) = 158, p =
.048). All of the modeling tools predicted the opposite effect. Participants were also significantly faster on the 
Schiphol website than on the Brussels Airport website (W(20) = 182, p = .004). KLM and GOMS correctly 
predicted the direction of his difference, but CogTool did not. There was no statistically significant difference in 
performance between the Heathrow and the Brussels Airport website(W(20) = 85.5, p = .47).
Figure 2 shows the model predictions and actual human performance for the three websites on task 2 (Book a 
five-star hotel in the city of the airport from March 3 2014 to March 18 2014). For all modeling tools, the model-
predicted trend did not correspond to the trend found in the human performance data.
Participants were significantly faster on the Schiphol and Brussels Airport websites than on the Heathrow website 
(W(20) = 210, p< .001 (identical test results for both comparisons)). All of the modeling tools predicted the direction 
of these differences correctly. There was no statistically significant difference in performance between the Brussels 
Airport and the Schiphol website(W(20) = 71, p = .20).
Figure 3 shows the model predictions and actual human performance for the three websites on task 3 (Book a 
flight to Paris for three adults and one child. Book this flight with KLM and business class seats. The departure date 
is April 1 2014 and the return date is April 15 2014).For all modeling tools, the model-predicted trend did not 
correspond to the trend found in the human performance data.
Participants were significantly faster on the Brussels Airport website than on the Heathrow website (W(20) = 
200, p< .001). All of the modeling tools predicted the direction of this difference correctly. Participants were also 
significantly faster on the Brussels Airport website than on the Schiphol website (W(20) = 198, p = .001). 
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CogToolcorrectly predicted the direction of his difference, but KLM and GOMS did not. There was no statistically 
significant difference in performance between the Heathrow and the Schiphol website(W(20) = 139, p = .20).
Table 2 shows the absolute difference between the model-predicted and empirical magnitude of difference for all 
statistically significant differences between the websites.Minus signs indicate that the modeling tool predicted the 
direction of difference incorrectly.For the six statistically significant differences between the websites, all tools 
predicted the direction of difference correctly in four cases, and incorrectly in two cases. There was no statistically 
significant difference in prediction accuracy between the modeling tools (Ȥ2(2) = 1.46, p = 0.48).
Fig. 1. Median human performance and model predictions for the three websites on task 1. Bars indicate the 95% CI. An asterisk indicates a 
statistically significant difference in human performance between two websites. N.s. indicates no statistically significant difference.
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Fig. 2. Median human performance and model predictions for the three websites on task 2. Bars indicate the 95% CI. An asterisk indicates a 
statistically significant difference in human performance between two websites. N.s. indicates no statistically significant difference.
Fig. 3. Median human performance and model predictions for the three websites on task 3. Bars indicate the 95% CI. An asterisk indicates a 
statistically significant difference in human performance between two websites. N.s. indicates no statistically significant difference.
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Table 2.Absolute difference (in s) between the model-predicted and empirical magnitude of difference for all statistically significant differences
in human performance between the websites. B stands for Brussels Airport, H for Heathrow and S for Schiphol. (-) indicates that the modeling 
tool predicted the direction of difference between the websites incorrectly.
KLM GOMS CogTool
Task 1: B - S 0.8 0.8 1.85 (-)
Task 1: H - S 0.85 (-) 0.85 (-) 0.95 (-)
Task 2: H - B 13.35 9.75 10.65
Task 2: H - S 7.73 3.73 4.98
Task 3: S - B 9.21 (-) 7.66 (-) 2.41
Task 3: H - B 0.98 1.07 0.13
Mean 5.49 3.98 3.49
4. Conclusions
In this study, we aimed to evaluate the accuracy of three cognitive modeling tools – KLM, GOMS and CogTool –
for predicting human performance differences on multiple interface alternatives. The predictions of KLM and 
GOMS corresponded more closely to human performance on task 1 than the predictions of CogTool, 
whileCogTool’s predictions were more accurate for task 3. Overall, there was no significant difference in prediction 
accuracy between the tools.
None of the tools could adequately predict the direction of difference in human performance between the 
interface alternatives. If the models predicted faster performance on interface A than on interface B, humans actually 
performed faster on interface B than on interface A in one third of the cases. This indicates that KLM, GOMS and 
CogTool are not reliable tools on which to base a decision between multiple interface alternatives.
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